ABSTRACT. Eddy current testing (ECT) has been widely used in aircraft inspection. However ECT is limited by skin depth in detecting defects in multi-layered complex structures. Advanced electromagnetic sensing methods, such as giant magnetoresistive (GMR) sensors offer much higher sensitivity that allow detection of defects located deep in the test object. Traditional magnitude based GMR signal interpretation methods using symmetry of images developed for detecting cracks under titanium fastener heads are ineffective when analyzing data from steel fastener heads which results in reduced probability of detection (POD). This paper presents a signal processing algorithm based on mixing the in-phase and quadrature components of the GMR sensor signal via an optimum detection angle (ODA). Features derived from the mixed signal are clustered for automated crack detection using the MR sensor data. Performance of the algorithm is evaluated using signal to noise ratio (SNR) that measures efficacy of different features.
INTRODUCTION
Detection and characterization of cracks under fastener holes (CUF) in aging aircraft is a challenge in nondestructive evaluation (NDE) applications. Figure 1 gives the geometry of the multi-layered structure in the CUF problem. Eddy current testing (ECT) has been widely used for detecting such cracks for decades. However ECT has its own limitations: difficulty in detecting deeper defects due to skin depth in multi-layered complex structures, time consuming inspection process and cumbersome process of interpretation of the complex impedance plane signal. Advanced electromagnetic sensing methods, such as Eddy Current Giant Magnetoresistive (EC-GMR) technique has recently found widespread use in inspection of airframe structures [1] [2] [3] due to its low cost, low power supply requirement, small dimensions and high sensitivity over a broad frequency range (DC up to 1MHz).
Although EC-GMR technique offers much higher sensitivity that allow detection of defects located deep in the test object, the interpretation and data analysis of EC-GMR data is crucial so that the probability of detection (POD) is not only maximized, but also the operator variability and subjectivity are eliminated. The main innovations in this paper are two signal processing approaches for automated crack detection and classification for GMR data, which significantly enhance the signal to noise ratio (SNR) and demonstrate the potential of EC-GMR systems to achieve more accurate and more consistent performance.
EC-GMR SYSTEM
The schematic of the EC-GMR system is illustrated in Figure 2(a) , in which a linear excitation current sheet is applied. The layout of the current sheet for inducing uniform current in the central region is shown in Figure 2(b) . The GMR sensor with biasing coil is located along the line of symmetry of current sheet, so that the output of GMR sensor without sample discontinuity is always zero. The lift-off of the GMR sensor above the multi-layered structure with subsurface defects for this particular problem is 0.0095".
GMR sensor is unipolar in nature and is sensitive to the magnetic fields along the "easy" axis of the sensor. A typical response of GMR sensor to a field applied in the direction of "easy" axis is obtained experimentally by the EC-GMR system [4] and shown in Figure 3 . To quantitatively measure the magnetic flux density, the sensor needs to be biased using the dc biasing coil (shown in Figure 2 (a)) to work around the center of its linear range. The mathematical forms of the input and output signals of the EC-GMR system are given as:
where r S is the excitation signal (also the reference signal) with the excitation frequency ω and amplitude 0
A . For the sake of simplicity, the initial phase is assumed to be zero.
(a) (b) FIGURE 2. Schematic of EC-GMR system with (b) linear current excitation sheet. 
From Equation (4) 
From the two components, both the amplitude n A and phase n ϕ could be extracted. The magnitude of the sensor signal can also be calculated as:
Typical output magnitude images obtained using the GMR sensor are shown in Figure 4(a) , where the Box 1 shows the defect-free image and Box 2 shows the image of a fastener with a radial crack. The line plots across the center of the images in Figure 4 (b) clearly show the difference between the defective fastener signal (solid line) and defect-free signal (dashed line).
(a) (b) FIGURE 4. Typical EC-GMR output images: defect-free (Box1) and defective (Box2) and central line plots: defect-free (dashed) and defective (solid).
AUTOMATED DATA ANALYSIS APPROACHES Magnitude Based Approach (MAG)
A schematic of the test samples used in for collecting the EC-GMR data, are shown in Figure 5 . The wing and stringer parts are Aluminum, which are fastened by flush head Steel (left two rows) or Titanium (right two rows) rivets. The sample has 11 outside Titanium rivets and 10 inside Ti rivets with various subsurface crack sizes as shown: 0.20", 0.22", 0.25" and 0.30". The Steel side has the same layout of rivets and cracks.
The in-phase and quadrature components for S-2 sample obtained at 400Hz are shown in Figure 6 . The segmented in-phase images at 400Hz for outside Titanium rivets are shown in Figure 7 for different crack sizes, from defect-free to the largest one, 0.30" subsurface crack. As we can see, it is difficult to differentiate cracks in the raw images.
A simple intuitive Magnitude Based (MAG) approach involves deriving the corresponding "zero-mean" signals (Figure 8 ) in which the progression of the cracks is observed from the shape of the right lobes. (12) The two dimensional scatter plots for classifying the S-2 Ti rivets using the above features are shown in Figure 10 . Although the MAG signals for outside and inside Ti rivets overlap, the features can separate the defective and defect-free data. However, this approach fails in the case of Steel rivets data due to the strong signal generated by the magnetic steel rivet.
Detection Angle (DA) Based Approach
The detection angle based approach derives a weighted sum of the in-phase and quadrature components according to Equation (13).
where θ is the DA. The operator > < *,* is the inner product. The right hand of equation 
where
is the peak to peak value in the mixed signal.
The mixed EC-GMR images after applying the ODA α in Equation (13) are shown in Figure 11 . Figure 12 showing the central line signals across the images shows significant separation between defective and defect-free rivet data. To quantify the difference between defect-free and defective mixed signals, two features, mean absolute error feature (F MAE ) and mean square error feature (F MSE ) are extracted as:
where D L and ND L are the defective and defect-free line plots, N is the total data points in the 1-D signal, M is the total number of defect-free signals. In Figure 13 , the 2-D scatter plots clear show better separation than that obtained using MAG approach (Fig. 10) . 
SUMMARY AND DISCUSSION
The performance of MAG and ODA approaches is compared quantitatively using a signal to noise ratio where L is the dimensionality of signals, 0 m and 2 0 σ are the mean and variance of the defect-free data cluster as illustrated in Figure 14 . The SNR comparison between conventional ECT and EC-GMR approaches is shown in Table 1 . Dramatic improvement has been observed by applying the automated data analysis methods: MAG and ODA methods.
CONCLUSIONS
This paper develops two innovative data analysis approaches for enhancing the EC-GMR signals by increasing the SNR and hence maximizing the POD. Using these methods, EC-GMR sensors show potential for detecting subsurface cracks in multi-layered structures. Automated crack detection is performed via optimum feature estimation and simple clustering.
